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Net Primary Productivity (NPP) is an important indicator of vegetation growth status and ecosystems health. NPP can be estimated 
through remote sensing data, using vegetation indices such as NDVI. However, this index may show systematic differences when 
using several orbital sensors. Therefore, the objective of this paper was to compare the NDVI data obtained from different sensors 
and evaluate the impact over the soybean biomass and NPP estimates. NDVI data were recorded from 4 sensors, one on the field and 
others 3 orbitals sensors (Landsat 8/OLI, Sentinel 2/MSI and Terra/MODIS). Measured data on the field, Photosynthetically Active 
Radiation (PAR) and Dry Matter (DM), were used to modeling the total DM and also NPP. The NDVI data from different sensors 
showed differences throughout the cycle, but compared to the reference data there was a correlation greater than 0.84. The DM 
presented a correlation of 0.91 with the field measured MS data while the NPP presented differences of up to 240 gC/m²/month from 
in relation to the reference data. Therefore, NDVI obtained from multiple sensors can be used to estimate NPP for surface analysis. 
However, for more consistent evaluations, a function of adjustment between the NDVI sensor data and NDVI reference data is 




Accurate estimates of crop production are crucial especially in 
developing countries (Sivasankar et al, 2018), and the yield of 
these crops is mainly linked to the dynamics of biophysical 
variables during the growth season (Basso, Cammarano, 
Carfagna, 2013). One of the indicators of crop yield that has 
gained prominence in scientific studies in recent years is NPP 
(Bao et al, 2016; Potter, Klooster, Genovese, 2012; Haberl et al, 
2004; Potter , 1993), which represents the amount of carbon 
fixed by plants through photosynthesis per unit of time and 
space (Potter, Klooster, Genovese, 2012; Yu et al., 2009). NPP 
is not only an important indicator of vegetation growth status 
and ecosystem health, but exerts an important influence on the 
global biosphere carbon cycle (Potter, Klooster, Genovese, 
2012). 
 
NPP is considered a key component for a wide range of studies 
on ecological processes (Running et al., 2004). The importance 
of knowing the NPP of terrestrial ecosystems is linked to the 
main role played in the carbon cycle and its energy flow (Rosa, 
Sano, 2013). Thus, quantitative estimates of NPP at regional to 
global scales are essential for understanding changes in 
ecosystem structure and function, predicting terrestrial carbon 
cycle trends (Yu et al., 2009) and determining their sustainable 
use. 
 
Remote sensing is now considered a powerful tool and unique 
data source for characterizing vegetation structure and 
development globally, and has played an increasing role in NPP 
estimates of ecosystems (Bao et al, 2016). The relationship 
between remote sensing and biophysical variables can be done 
by simple sensor bands and also by applying vegetation indices 
(Monteiro et al., 2013). Vegetation indices are often used to 
estimate vegetation parameters, and their physical basis is 
attributed to the high absorption of solar radiation by 
chlorophyll and their scattering by leaves in the red and near 
infrared spectral regions, respectively (Gates et al., 1965).  
 
Among a variety of indices, the Normalized Difference 
Vegetation Index (NDVI) has been widely used. The NDVI, 
calculated by the difference of near infrared (NIR) and red (R) 
reflectances and normalized by their sum, is one of the most 
commonly indices used to monitor plant status. This index also 
has a high correlation with vegetation cover percentage 
(Purevdorj et al., 1998) and green leaf biomass (Gitelson, Gritz, 
Merzlyak, 2003). In addition, it can be used to estimate 
biophysical parameters, such as leaf area index (LAI) and the 
fraction of photosynthetically active radiation that is absorbed 
(APAR) (Myneni, Williams, 1994), or even to compose models 
for crop yield estimations (Monteiro et al., 2013; Raun et al., 
2001; Dorigo et al., 2007, Martorano, 2007). 
 
Sensors aboard different platforms may provide NDVI, but it is 
important to consider that there are differences in central 
wavelengths or bandwidths used for index calculation (Kim et 
al., 2010). In addition, the index value may be influenced by 
several other factors, which may introduce interpretation noise 
when multi-sensor NDVI data are used in change detection 
studies. In this way, Chander (2013) warned that difference in 
remotely detected data may not correspond to changes in the 
surface, but partly due to differences in provenance in the 
sensors. Also Teillet et al. (2007) addressed this theme, pointing 
out that data from different sensors cannot be directly 
compared, due to differences in sensor response functions. 
Therefore, in multi-decade environmental studies, NDVI data 
from multiple sensors should be processed initially in an effort 
to generate a consistent spatial, temporal and spectral data set 
(Pahlevan et al., 2016). These analyzes provide assurance that 
these data can be used to reliably estimate biophysical 
parameters.  
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However, in crops studies there is often the need to merge data 
from more than one sensor to characterize the temporal and 
spatial variability of a given crop. This is because many sensors 
have low temporal resolution and also the excessive amount of 
clouds in some periods. Thus, it is essential to evaluate and 
compare the differences between data obtained from multiple 
sensors for a better understanding and characterization of 
vegetation and its spatio-temporal changes through biophysical 
parameters. Based on this, we obtained NDVI data from four 
different sensors (involving one field- sensor and three orbital 
sensors), in order to compare the NDVI data and evaluate their 
impact over the soybean biomass and NPP estimation.  
 
2. MATERIALS AND METHODS 
The data included in this study and used as reference were 
obtained from a soybean experiment conducted in Carazinho / 
RS during the 2017/2018 crop season (Figure 1). 
 
 
Figure 1. Study area location and pixel size of each orbital 
sensor used. Carazinho/RS, 2017/18. 
 
2.1 Reference measured data 
During the field experiment, data were measured for the 
components of incident (PARinc), transmitted (PARt) and 
reflected (PARref) photosynthetically active radiation. These 
measurements were performed using a set of bars equipped with 
amorphous silicon cell sensors (Pandolfo, 1995), installed in 
parallel and spaced at a distance of 0.20 m. From these, the 
absorbed PAR (APAR) was determined through equation 1:  
 
APAR = PARinc – PARt – PARref                                       (1) 
 
Reference NDVI data was measured in order to adjust functions 
for the estimation of the FPAR component. The index was 
obtained from incident (SRS NDVI Hemispheric) and reflected 
(SRS NDVI with Vision Limiter) radiation sensors in the red 
(0.6 to 0.7 µm) and near infrared (NIR) (0.805 to 0.815 µm) 
spectrum. These spectral sensors were attached to a mast, at a 
height of 1m above the top of the canopy, adjustable throughout 
the cycle (Figure 2). In order to obtain an average between the 
soil and soy mixture present in the cultivation, they were 
installed in different positions in the experimental area. 
 
 
Figure 2. Incident (SRS NDVI Hemispheric) and reflected (SRS 
NDVI with Vision Limiter) radiation sensors installed in the 
experimental area. Carazinho/RS, 2017/18. 
 
The accumulated MS was determined weekly from the 
collection of 0.5 m from a plant line. Four samples were taken 
in each collection. The green biomass of each sample was 
placed in paper packaging and placed for drying in a proper 
oven for drying plant material at a temperature of 70 ° C until 
reach constant mass. DM was quantified and calculated for g m-
2. This procedure was adopted from the emergence of plants at 
the end of the cycle. At this time, after the physiological 
maturation of the pods, four biomass samples of 9 m² were 
made to determine the grain yield. 
 
2.2 Data obtained from satellites 
In addition to reference NDVI, NDVI data were obtained from 
different orbital sensors for the 2017/2018 crop season (Table 
1). For this purpose, the most used sensors in agricultural 
studies were chosen, such as Landsat, MODIS and Sentinel, due 
to their availability on the Google Earth Engine platform. 
 
Table 1. Spectral and spatial resolution of the sensors used and 
total pixels present in the study area of each sensor. 
Carazinho/RS, 2017/18 
 
To obtain NDVI data from the orbital sensors, the Google Earth 
Engine platform was used. The programming was performed 
using the JavaScript language on the programming platform and 
the GEE cloud processing, called Code Editor. 
Cloud filters were applied to each imported collection and then 
NDVI (Equation 2) was calculated from the reflectances in the 
NIR and Red bands, as proposed by Rouse et al. (1973). 
 
                                                         (2) 
                                                                                                             
For NDVI values of orbital sensors, the average value of the 
pixels covering the entire study area for each of the 3 satellites 









pixels  Bands Wavelanght 
Sentinel 2 MSI 
B4 – Red  0,64 – 0,68  
10 m 2734 
B8 – NIR 0,77 – 0,90 
Landsat 8 OLI 
B4 – Red  0,64 – 0,67 
30 m 307 










B2 – NIR  0,84 – 0,87  
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NDVI data, were graphically presented and used for the 
characterization of the 2018 soybean temporal profile. In 
addition, we analyzed the differences in NDVI values 
associated with the different sensors, for data intervals of 15 
days, in order to match the dates of images. 
 
Linear regression equations were also applied between the 
reference measured NDVI values and the NDVI values from the 
three orbital sensors. From these equations, the NDVI values of 
the different orbital sensors were adjusted. 
 
2.3 DM and NPP estimates 
For the estimation of DM, an adaptation of the concept 
developed by Montheith (1972) was used (Equation 3), 
considering biomass production as the product of 
Photosynthetically Active Absorbed Radiation (APAR) by the 
efficiency of conversion of APAR to DM (Ɛa) of these plants: 
 
DM = APAR * Ɛa                                                                    (3) 
 
In this work, the value of 1.57 g / MJ was assigned to Ɛa, which 
was determined for soybean cultivation under adequate water 
conditions and also management conditions similar to the one 
under study (Martorano, 2007). APAR was obtained through 
the equation 4: 
 
APAR = FPAR * PARinc                                                       (4) 
 
Where PARinc is the monthly accumulation of incident PAR, 
given in MJ.m-².month-1 and FPAR is the fraction of PAR 
intercepted by plants. 
 
An FPAR can be modeled as a function of NDVI and often 
assumes a linear relationship with NDVI (Huemmrich et al., 
2010). In the present work a linear regression between the 
FPAR, obtained through the relationship between APAR and 
PARinc, and reference NDVI (Fig. 3), was adjusted. This 
equation was used to estimate or FPAR from the NDVI of the 
three orbital sensors used in the work. 
 
Estimated DM data from equation 3 using reference NDVI 




Figure 3. Linear regression between the Photosynthetically 
Active Absorption Radiation Fraction (FPAR) and the Surface 
Normalized Difference Vegetation Index (NDVI). 
Carazinho/RS, 2017/18. 
 
Crop NPP was considered to be 40% of the total DM produced 
during the crop cycle (Pillon, Mielniczuk, Neto, 2004). NPP 
values were calculated using reference and orbital NDVI data as 
well as reference adjusted NDVI data. This last analysis aimed 
to verify the impact of differences in NDVI values from various 
sources on NPP estimation. 
 
3. RESULTS AND DISCUSSIONS  
3.1 NDVI of the different sensors 
The NDVI data presented a similar pattern for the different used 
sensors, consistently representing soybean growth and 
development during the growing season. The cycle began at the 
end of November, when NDVI was low, followed by a rapid 
increase during December. From the beginning of January, the 
maximum NDVI values were reached, which remained constant 
until the end of February, characterizing the period of maximum 
green biomass in the crop. Soon after, it is possible to observe 
the decrease of NDVI values as a function of the onset of crop 
senescence. The highest similarity of NDVI data from the 
different sensors occurred from early January until the end of 
February, when NDVI data was saturated. Under conditions of 
higher biomass density, an absorption peak occurs in the red 
band (Povh et al, 2008), while infrared reflectance remains 
stable saturating the index.  
 
The NDVI profile for each sensor presented an expected pattern 
and already observed in several studies for soybean cycle in the 
region (Fontana, Potgieter. Apam, 2007; Santos et al., 2014). 
Despite the similarity, it can be observed that there are 
variations in NDVI values from one sensor to the other, 
especially in the early and late crop periods. This is because 
each sensor has different characteristics and configurations 
(Table 1), and even for spectral bands designed to observe the 
same region of the electromagnetic spectrum, the result is 
relative spectral response functions that differ significantly 
between sensors (Teillet, Fedosejevs, Thome, 2004). Despite 
these differences, most of these indices were originally designed 
for broadband sensors, and therefore the broad spectral 
characteristics of vegetation in the red and near infrared regions 
allow these indices to transfer well between sensors of different 
bandwidths and positions (Cundill et al, 2015). 
 
 
Figure 4. Normalized Difference Vegetation Index (NDVI) data 
during the Soybean Crop 2017/2018, for the different sensors 
used. Carazinho/RS, 2017/18 
 
A greater difference from MOD13Q1 data to the other sensors 
is observed precisely in the initial period of crop growth. Most 
likely this is due to spectral mixing within the pixel, as the 
MODIS sensor has a moderate spatial resolution compared to 
the high resolution of Sentinel 2 and Landsat 8 (Table 1). 
However, this difference does not affect the relationship 
between the NDVI data from the MOD13Q1 and the measured 
data in the crop, with a high R² of approximately 0.95. This high 
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association occurs because during the final stage of the crop 
cycle, the MOD13Q1 came closest to the crop data (Fig. 4). The 
main advantage of using MODIS sensor data is the availability 
of products with quality and temporal frequency adequated for 
crop monitoring, minimizing the difficulties in obtaining 
spatiotemporal profiles of crop areas due to cloud cover (Santos 
et al., 2014). 
 
Even though Sentinel 2 and Landsat 8 satellites have very 
similar configurations, the difference in their NDVI from the 
measured data was high. Possibly the low temporal resolution 
of Landsat and, consequently, the lack of images for a longer 
period of time, due to the large cloud coverage during the crop 
development period, was the cause of the observed differences 
in relation to field data.  
 
Despite these differences, the data from the different sensors 
presented a high correlation with the field measured data with 
minimum R² of 0.78 and RMSE 0,18. Nevertheless, due to the 
low temporal resolution (low availability of images during a 
crop season) and the high probability of cloud incidence during 
the crop development period, it is convenient to use the 
MOD13Q1 product to better characterize the crop growth 
profile, or the fusion of data from different sensors by 
establishing functions between them. These functions are 
therefore expected to make viable the integrated NDVI use of 
these sensors throughout the soybean cycle (Fig. 6). 
 
 
Figure 5. Normalized Difference Vegetation Index (NDVI) data 
for soybean crop obtained from different orbital sensors 
compared to surface measured data. Carazinho/RS, 2017/18 
 
 
Figure 6. Normalized Difference Vegetation Index (NDVI) data 
for soybean crop obtained by functions of the reference data. 
Carazinho/RS, 2017/18 
 
3.2 DM and NPP estimated by different sensors 
Analyzing only the surface measured data, it is verified that the 
DM estimated by equation 3 presented a high correlation with 
the field measured data, indicating that the proposed method is 
robust and can be used in the biomass estimates of agricultural 
crops (Fig. 7). Moreover, it is also inferred that the Ɛa used in 
the estimate adequately represented the efficiency of conversion 
of APAR to DM, considering the appropriate water conditions 
that were verified during the study crop season. When water 
restrictions occur, however, it is recommended to evaluate the 
adequacy of this coefficient, or even to introduce coefficients 
that express such restrictions. 
 
 
Figura 7. Linear regression between soybeans dry matter (DM), 
estimated by Montheith's adapted equation (1972), and field-
measured Carazinho/RS, 2017/18 
 
By expanding the analysis including data obtained from orbital 
sensors, it was possible to analyze the impact of differences in 
NDVI values on NPP estimates. When a monthly analysis is 
observed, NPP data were similar, especially in the months of 
highest biomass production, which are January and February. 
However, by analyzing only the total NPP produced at the end 
of the soybean cycle, there are differences between the sensors, 
with the largest difference occurred in the Landsat satellite. The 
data from this sensor underestimated the total cycle NPP 
estimate, while the MOD13Q1 and Sentinel data were the 
closest to the field data (Table 2). 
 
Platform and sensor combinations are known to differ in their 
temporal, spatial and spectral configuration. Regarding the 
spectral configuration, both Landsat and Sentinel specifications 
are designed so that there is a significant correspondence 
between the corresponding spectral bands. However, some 
differences can be expected in the recorded radiometric values 
(Mandanicci, Bitteli, 2015). Clearly, the importance of these 
differences depends on the application and the approach, since 
according to D'Odorico et al. (2013), methods based on physical 
quantities through remote sensing reflectance or empirical 
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Difference between satellite and 
reference estimated NPP   




NOV 0,0 -4,9 -1,0 9,0 -4,9 -1,0 9,0 
DEC 28,9 9,8 -40,1 69,2 -19,1 -69,0 40,3 
JAN 385,8 345,6 365,3 425,5 -40,2 -20,5 39,6 
FEB 574,4 556,2 555,2 607,1 -18,2 -19,2 32,7 






NOV  2,0 16,2 2,1 2,0 16,2 2,1 
DEC  36,3 36,5 43,9 7,4 7,6 15,0 
JAN  376,5 404,9 405,8 -9,3 19,1 20,0 
FEB  596,3 600,8 580,9 21,8 26,4 6,5 
MAR  570,7 401,9 443,5 -24,7 -193,6 -152,0 
Table 2. Net Primary Productivity (NPP) of soybeans estimated using Normalized Difference Vegetation Index (NDVI) data 




The NDVI data of the different sensors are adequate to 
represent the temporal profile of soybean crop. Even with a 
lower spatial resolution, the MOD13Q1 product presents 
better results, mainly due to the quality and temporal 
frequency of the data. 
 
The method adapted to estimate DM is suitable and can be 
used in soybean crop fields under adequate water conditions. 
Differences in the NPP estimation of the different sensors are 
mainly due to the low amount of images for Landsat and 
Sentinel sensors to represent NDVI variations during the crop 
season. 
 
It is recommended to use combined data from some satellites 
for a better estimate of NPP, as using only one satellite may 
not represent actual productivity over the cycle. 
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